Forecast improvements can be expected if the two partners involved in a brokerage merger pool information and expertise. We examine four large mergers of brokerage firms in the last decade to study the incidence of and explanations for forecast improvements after the mergers. At the brokerage-level, we find that for two of the four mergers, forecast improvements appear more pronounced in subsamples of stocks for which both of the pre-merger analysts were retained in the merged brokerage. At the analyst-level, we find only weak evidence of forecast improvements after the merger. However, we find evidence that after a merger, a stock is more likely to be assigned to an analyst with overall better forecasting performance before the merger. This suggests that analyst selection can be a mechanism generating the post-merger forecasting improvements.
Introduction
In the last two decades, there have been a very large number of mergers in the financial sector. This merger wave can perhaps be attributed to two large shifts in government policy during this period. First, starting in the mid-1980s, restrictions on interstate banking were loosened, triggering a consolidation wave among former state-level commercial banks. Then in 1999, the Gramm-Leach-Bliley Act took effect and effectively repealed the Glass-Steagall Act, which for decades restricted commercial banks from offering investment banking services, and vice versa.
Not only have the causes of mergers in the financial sector been varied, so have the effects of these mergers. Mergers are large complicated events, which affect the merging firms in many aspects, including stock market valuations, hierarchical and organizational structure, and leading to substantial employee turnover. However, empirical work on the effects of these mergers have, for the most part, only focused on the effects of mergers on stock market valuations of the merged entities, or on the pricing of financial products offered by the merging firms (such as loan or deposit interest rates quoted by commercial banks).
A well-accepted view of financial companies -whether commercial or investment banks, or insurance companies -is that they provide intermediation services in markets in which there are information asymmetries between the suppliers and demanders of credit (eg. Diamond (1984) ). Given the importance of information in the activities of financial companies, it is surprising that little is known about the informational effects of mergers among financial companies at the empirical level.
In this paper, we seek to understand the informational effects of a merger between financial firms by focusing on a specific service offered by financial companies: earnings forecasting. We focus on one particular type of informational effect of a merger, namely, the pooling of information and informational resources which, prior to the merger, were privately owned by each of the merging firms. The forecasting enterprise is fundamentally information based. The accuracy of a particular forecast depends on the resources that a brokerage firm devotes to collecting information, and on the assigned analyst's ability to synthesize that information. What makes a forecast especially good or bad often depends on the access to and interpretation of an analyst's private information.
These features of the earnings forecast enterprise make it well-suited for investigating information pooling. Prior to the merger, each of the merging brokerages would have assigned an analyst to cover a given stock, eg. Apple Inc. After the merger, both of these analysts could potentially be retained in the merged brokerage. By comparing the post-vs. pre-merger changes in forecast accuracy across stocks for which both of the pre-merger analysts were retained, versus those for which only one of the analysts was retained, we can measure the importance of in-formation pooling, which should only be present for those stocks where both of the pre-merger analysts were retained. We also distinguish the effects of information pooling from analyst selection, which is the possibility that better-abilitied analysts are more likely to be retained following the merger.
Our empirical analysis is based on the comparison of the accuracy of earnings forecasts before and after four large mergers of brokerage firms in the IBES database. The IBES dataset contains detailed analyst-level information for each forecast and allows us to track performance at the stock-and analyst-level, both before and after the merger, which is ideal for addressing the presence of information pooling via the exercise described above.
At the brokerage-level, we find some evidence consistent with information pooling for two of the four mergers. For these two mergers, we find that forecast improvements appear more pronounced in subsamples of stocks where information pooling should be strongest. These subsamples include the stocks which were covered by both of the merging brokerages before the merger, as well as the stocks where both of the pre-merger analysts were retained in the merged brokerage. This evidence persists even after controlling for changes in the timing of forecast released after the mergers. These two mergers were also the ones where the merging firms were most equal in forecasting ability before the mergers, which perhaps made information pooling more likely.
At the analyst-level, our evidence is more mixed. For one of the four mergers, we find that while the post-merger forecasts of analysts employed before the merger at the acquired (target) brokerage benefit from the presence of the analyst who covered the same stock at the acquiring (bidder) brokerage, the bidder analysts do not benefit as much from having the target analysts around. For the other three mergers, however, we have no robust evidence of information pooling.
Finally, we also consider whether the post-merger forecast improvements can be attributed to analyst selection. We find no evidence that better analysts are more likely to be retained in the merged brokerage following the merger. This confirms anecdotal evidence that in the wake of job uncertainty due to the mergers, many of the best analysts at the merging firms were poached away by competing brokerages, so that the analysts remaining at the merged brokerage following the merger are not the best analysts working at the two brokerages before the merger. However, in the cases where both of a stock's pre-merger analysts were retained in the merged brokerage, we find strong evidence (for three of the four mergers), that the stock is likely to be assigned after the merger to the analyst with the better overall pre-merger forecasting performance. This suggests that analyst selection can be a mechanism generating the post-merger forecasting improvements.
Two bodies of empirical work are related indirectly to this paper. First, a number of papers have focused on the informational aspects of the earnings forecasting en-terprise. Hong, Kubik, and Solomon (2000) focus on analysts' career concerns and the tendency towards herding, and Kandel and Pearson (1995) look for evidence that competing analysts have differential interpretations of public information regarding a stock. Bernhardt and Kutsoati (1999) look for evidence in the data consistent with a model in which analysts are compensated for the relative (rather than absolute) accuracy of their forecasts. However, none of these papers have focused on information pooling, which is the topic of this paper.
Second, there is a literature on measuring the effects on mergers among financial institutions, especially commercial banks (including Prager and Hannan (1993) , Sapienza (2002) , Focarelli and Panetta (2003) , Panetta, Schivardi, and Shum (2006) , Calomiris and Pornrojnangkool (2005) ). All of these studies examine the effect of mergers on the interest rates subsequently offered and charged by the merged banks. Panetta, Schivardi, and Shum (2006) examined whether merging banks pooled information regarding borrowers which they had in common (before the merger) and found no evidence for information pooling. To our knowledge, however, this is the first paper on mergers among financial institutions which explores the micro-effects of the mergers -in our case, the employment turnover caused by the mergers -on earnings forecasts.
Finally, while there is a large theoretical literature in industrial organization on information pooling (cf. Vives (1999) , ch. 8), the empirical work on information pooling has been limited. There are several studies of the effects of information sharing within trade organizations. Genesove and Mullin (1999) presents a case study of the sugar producers in the early part of the twentieth century, and Snyder and Doyle (1999) examined how automobile manufacturers' announcements of their future production plans in a prominent trade journal affected the manufacturers' actual production levels.
In the next section, we present a simple framework for looking at the effects of information pooling. In Section 3, we introduce the data, and discuss the four mergers which we focus on in this paper. Sections 4 and 5 contain the empirical results, and Section 6 concludes.
Information pooling, analyst selection, and forecast improvements
In this section, we explore the relationship between forecast improvements, and how they can be explained by information pooling and analyst selection. We also present several definitions of forecast improvements which we will use in our empirical work. Hereafter, we will use the word "firm" to denote a brokerage firm, which forms earnings forecasts, while reserving the word "stock" to denote publiclytraded companies about which forecasts are being made.
Consider two competing brokerage firms, j = 1, 2, who have assigned, respectively, analysts A 1 and A 2 to forecast a variable v i , which is the quarterly earnings per share of stock i. Prior to the merger, brokerage 1's forecast of v i is x i,1 , and brokerage 2's forecast of v i is x i,2 .
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Let z i,j , j = 1, 2 denote the private information of brokerage j, which is used to form brokerage j's forecast x i,j using the forecasting function h j (z i,j ), j = 1, 2. The forecast is related to the true value by
where e i,1 and e i,2 are forecast errors. For simplicity, assume that x i,1 and x i,2 are unbiased for v i , so the pre-merger mean squared forecast error is
Now suppose a merger occurs between firms 1 and 2. Consider the case when both analysts A 1 and A 2 continue to work at the merged brokerage. If z i,1 and z i,2 are still available, the post merger forecast is x post i = h(z i,1 , z i,2 ) for some function h(·), which is not necessarily the same as h 1 or h 2 . Let MSE post i denote the postmerger forecast error. We look for two types of forecasting improvements.
Brokerage-level improvements
To define brokerage-level improvements, we need to compare the merged brokerage post-merger performance to a benchmark for the two brokerages' individuals performances before the merger. Given x pre i,1 and x pre i,2 , we use a benchmark equal to w 1 MSE(x pre i,1 ) + w 2 MSE(x pre i,2 ), a weighted average of the two brokerages' individual pre-merger forecast accuracies, for weights 0≤w 1 ≤1 and w 2 = 1 − w 1 . Then brokerage-level improvements for stock i are defined as the event that
In the empirical work, we will, for the most part, weigh the two brokerages' premerger forecast errors equally (ie.
). One premise of information pooling is that the merging brokerages share information and expertise regarding stock i. Therefore, forecast improvements for stocks which were not covered by both brokerages before the merger is not evidence of information pooling. Furthermore, to the extent that information and expertise is 1 While the stock subscript i is not required for the discussion in this section, we include it to facilitate comparison of the equations in this section with those in subsequent section, in which the stock subscript will be important.
analyst-specific, information pooling should imply that the improvements are more prominent for stocks where both of the pre-merger analysts continued to work at the merged brokerage following the merger. These considerations will guide our empirical work below.
Analyst-level improvements
While it is possible for both analysts to continue forecasting stock i after the merger, it also seems reasonable for the merged brokerage to consolidate resources and release one forecast instead. Provided that at least one of the pre-merger analysts covering stock i in the two merging brokerages continues to forecast stock i after the merger, we can also compare the forecast performance of this analyst on stock i before and after the merger. For a stock which is forecast by analyst j after the merger, we say that analyst j's forecasting accuracy of stock i improved relative to his pre-merger performance if
The main difference between the analyst-level and brokerage-level forecast change measures is that we can only compute the analyst-level change ∆MSE i,j if analyst j covers the stocks both before and after the merger, but the brokerage-level change ∆MSE i can be computed even if the analyst who covers stock i after the merger did not cover it before the merger. Again, a precondition for information pooling is that the analyst chosen to produce the forecast after the merger has access to the skills, information, and expertise of the analyst who covered stock i for the other brokerage prior to the merger. For this reason, information pooling should imply that analyst-level forecasting improvements are more likely for those stocks where both of the pre-merger analysts are retained in the merged brokerage. Of course, it will be rare for both pre-merger analysts who covered stock i before the merger to be assigned to cover the same stock after the merger. It is more likely that one analyst will be assigned to other stocks. However, the mere presence of both analysts who had experience with stock i in the merged brokerage means that the post-merger analyst has access to knowledge and information about stock i not available before the merger.
To understand the way that information pooling leads to forecast improvements, suppose for simplicity that the merger leads to a linear aggregation of information. The pooled post-merger forecast is
The MSE (which is also the variance) of the post-merger forecast is
where ρ = Corr(e 1 , e 2 ). For fixed values of ψ 1 , and σ 1 , MSE post i is increasing in ρ and σ 2 . Intuitively, under linear forecast aggregation, the primary benefit of information pooling is variance reduction. Forecast improvements are thus larger when σ 2 is smaller. Also, averaging the forecasts will lead to a larger reduction in variance when the errors of the individual forecasts are negatively correlated (ρ < 0) because the errors offset. This implies that the forecast improvements, at both the brokerage and analyst-level, will depend on the relative ability of the analysts involved and are more likely when ρ is small or negative. Indeed, for some configuration of the parameters and depending on the benchmark, information pooling may not even lead to better forecasts.
Analyst selection
Typically, mergers of financial institutions lead to a great deal of employment turnover, and the mergers studied in this paper are no exception. The possibility therefore arises that forecasting improvements can also be due to analyst selection. Analyst turnover following a merger can lead to two types of analyst selection. First, if the analysts who remained in the merged firm were systematically better than those who left, a brokerage-level improvement might result. Second, after a merger, the better of the bidder and target analyst can be chosen to forecast a given stock.
In the context of the simple model from the previous section, analyst selection amounts to letting ψ 1 in Eq. (3) be a binary indicator chosen using the criterion
0 otherwise so that the better analyst in the pre-merger period is chosen to cover each stock in the post-merger period.
Observationally, both information pooling and analyst selection can appear very similar, because both imply that post-merger forecasts should be more accurate than pre-merger forecasts, and the second type of analyst selection implies that having both of the pre-merger analysts around should lead to better post-merger forecasts, because the firm is able to choose the better analyst to forecast the stock after the merger. However, because our dataset contains detailed information on analyst turnover and assignment to stocks, we can directly measure the importance of both types of analyst selection after the mergers, and hence distinguish information pooling from analyst selection.
Data
Our dataset of analyst forecasts is derived from the IBES (Institutional Brokers Estimate System) database, which is a comprehensive database containing every forecast and forecast revision formed by analysts for a near-complete sample of brokerage firms and securities. For a given stock (e.g. IBM) and forecast period (a quarter, e.g. 92III), we observe every earnings per share (EPS) forecast and revision which was submitted by analysts working at brokerage firms surveyed in the dataset. The dataset contains forecasts from the beginning of 1983 to the middle of 2002. In this paper, we focus only on quarterly EPS forecasts, since these are the most common forecasts in the database.
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We also observe the actual realized earnings for each stock in each quarter for which forecasts are available.
For the remainder of this paper, we refer to the acquiring brokerage as the bidder firm, and the acquired brokerage as the target firm. We use the terms bidder analyst to refer to the analyst who covered a given stock at the bidder firm before the merger, and target analyst to refer to the analyst who covered this stock at the target firm before the merger. Finally, for a given stock i and analyst j, we use the term rival analyst to denote the analyst covering stock i during the pre-merger period at the brokerage other than the one where analyst j works. For example, for a bidder analyst, her rival analyst is the analyst covering the same stock at the target firm before the merger.
In the IBES dataset, we are able to track a particular analyst across different employers. Particularly, for each stock covered by both the bidder and target firms before the merger, we are able to tell whether the particular analyst who covered this stock at the target firm remained employed at the bidder firm after the merger. This will be a crucial component for our tests for the presence of information pooling.
Four mergers of brokerage firms
In order to identify mergers among brokerage firms in the IBES data, we used the SDC Mergers and Acquisition database to obtain information on all mergers within SIC four-digit sector 6311 ("Investment and Commodity Firms, Dealers, and Exchanges"). From this list, we identified four sizable mergers among brokerage firms. Since the number of mergers is small, we will do our analysis on a mergerby-merger basis, and rely on the variation across time, across stocks, and across analysts to identify the information pooling effects. The four mergers are listed in Table 1 . Generally, all four of these mergers represented attempts by the bidder 2 The second-most common forecasts are annual earnings forecasts but, for a given year, they are derived simply as the sum of the quarterly earnings forecasts for the four quarters which make up that year . Notes:
1. Earliest EPS is the date for which we have an earnings forecast from this brokerage firm.
2. Last EPS is the date for which we have an earnings forecast from this brokerage firm.
firms to expand the scope of their retail business by purchasing another brokerage. Merger A, between Paine Webber and Kidder Peabody, was portrayed in the press as a "company in trouble" deal, in which the second-tier brokerage (Paine Webber) bought a top-tier investment bank with a strong research department (KP) at an opportune time. Just prior to the merger, KP was reeling in the aftermath of a trading scandal involving its chief government bond trader, Joseph Jett, and had already laid off 10% of its workforce. Subsequently, KP's owner, General Electric, was looking to sell the company. Merger B was another diversifying merger, in which high-end investment bank Morgan-Stanley was portrayed as wanting to get in on the more down-market retail brokerage operations of Dean Witter.
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As an indicator of the differences in operations between the merging parties, we note that in 1996, the year before the merger, Morgan-Stanley was the chief underwriter in 43 IPOs, with a combined offer amount of over $7 billion, while Dean Witter underwrote only 4, with a combined offer amount of just under $1 billion.
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Mergers C and D occurred only within a few months of each other, and both were perceived to be attempts by Swiss banks to geographically diversify their lines of business (into the American market). Merger C was a merger between two topof-the-line investment banks (CSFB and DLJ underwrote, respectively, 57 and 36 Defined as number of analysts who provided forecasts at brokerage within one year after the merger IPOs in 1999), and concerns were raised about whether CSFB would be able to retain many of DLJ's brokers and analysts. Merger D was characterized similarly as a geographically diversifying merger, with the difference being that both Paine Webber's and UBS's American investment banking operations were smaller than those of, respectively, DLJ and CSFB. A common effect of all four mergers is that they precipitated a large degree of turnover. This turnover will be an important source of variation for detecting information pooling, because an important exercise that we do is to compare changes in forecast accuracy for stocks where both pre-merger analyst were retained, versus stocks where only one (or none) of the pre-merger analysts were retained. Table 2 shows the number of analysts employed by the merging units before and after their respective mergers varied substantially.
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After all four mergers, the number of analysts grew in all four post-merger brokerages (relative to the pre-merger number of analysts in the bidder firms). In percentage terms, the larger increases in the number of analysts occurred after Merger B, where the number of analysts increased by 32.5% (from 77 to 102 analysts), and Merger D, where the increase was 37.8% (from 98 to 135).
The retainment percentages also depend on whether an analyst worked at the bidder or target firm before the merger. Clearly, a higher percentage of analysts from the bidder firm than target firm were retained. For Merger A, 34 out of 45 Paine Webber analysts were retained, but only 9 out of 54 Kidder-Peabody analysts. This pattern holds across all four mergers. Indeed, only for Merger D were more than half of the analysts from the target firm retained, while more than half of the analysts from the bidder firm were retained in all four mergers. Furthermore, across all the mergers, a substantial percentage of the post-merger analysts were new hires, which make up from 20-25% of the post-merger analyst workforce.
Clearly, these four mergers feature very different brokerages, but we note that the improvement of the research group was not a stated objective for merger in any of these four mergers. Hence, it would not be surprising to find that these mergers had no substantial impact on forecast performance. However, if information pooling is important, then these mergers may have provided opportunities for the merged brokerage to experience incidental forecasting improvements via the sharing of private information and expertise, even when these improvements were not a fundamental reason for the mergers.
Measuring forecast accuracy
The main empirical exercise in this paper is to examine whether forecast accuracy was improved in the merged brokerage following a merger. We utilize a standardized forecast error,
where f ijt denotes broker j's forecast of the earnings per share (EPS) of stock i, for the period t, and a it the actual realized EPS. For each stock i and quarter t, we only consider analyst j's final forecast, and do not focus on the forecast revision process. The error f ijt −a it is standardized by dividing by p it , the price per share of stock
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Because analyst turnover is common without or without mergers, we look at analysts employed at the brokerages in the year before the merger to isolate the turnover due to the mergers.
i on the first trading day of quarter t.
6 FE, as defined in this way, can be positive or negative, depending on whether or not f ijt > a it . Additionally, we also follow Lim (2001) by deleting observations when |f ijt − a it | > 10, and also only consider stocks i and quarters t where p it ≥ 1.
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Because FE can be both positive and negative, and it is still an open questions as to the unbiasedness of analyst forecasts, it is not enough to compare averages of FE across different time periods or stocks. Hence, we focus on the mean-squared error (hereafter MSE) of FE.
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We focus on how the MSE's changed across different stocks before and after the merger. Accordingly, we calculate the MSE of F E ijt for each stock i, brokerage j, over a range of pre-merger and post-merger quarters. Specifically, define the preand post-merger MSE for a given stock i and brokerage j as
where merg denotes the quarter of the merger. To ensure that we isolate the effects of the mergers, we only consider forecasts within the K quarters before and after the merger. In this paper, we use a value K = 8 for our empirical results.
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Furthermore, because earnings are defined on a per-share basis, the standardized forecast errors are usually very small, so that we scale up by a factor of 10 6 in computing the MSE.
Summary statistics: all stocks
In Table 3 , we present summary statistics of forecast accuracy for the four mergers. For each merger, we report the median and mean, as well as the 10-th and 90-th quantiles, of MSE , across all stocks which were forecast at least twice in the two years preceding the merger (for the premerger MSE measures), and the stocks which were forecast at least twice following the merger (for the post-merger MSE measure). First, note that the distribution of In normalizing by p it , we follow many of the empirical studies which utilize the IBES data, including Rajan and Servaes (1997) , Keane and Runkle (1998), and Lim (2001) . The results are qualitatively robust to using alternative cutoff thresholds.
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Note that in the illustrative model if the previous section, forecasts are always unbiased, in which case the MSE simplifies to the variance of FE.
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Some stocks i were not forecast by brokerage j in each of the K quarters before and after the merger. In these cases, we compute the MSE as the average of the squared forecast errors only for those quarters in which the stock was forecast. MSE's is highly skewed to the right. Across all the mergers, the mean MSE generally exceeds the 90-th quantile of the MSE distribution, both before and after the merger. For this reason, in this paper, we employ median (quantile) regressions because, for such a skewed distribution, the median is a better measure of the central tendency of the MSE distribution than the mean. Table 3 shows that Mergers A and B were quite different from Mergers C and D. In Mergers A and B, the target firms appeared to be better than the bidder firms, in terms of median MSE before the merger. For Merger A, the median MSE for target firm Kidder Peabody was 2.32, while for bidder firm Paine Webber it was 3.93. Column 5 of Table 3 shows that these differences in medians were statistically different from zero at a 5% significance level. For these two mergers, however, the post-merger median MSE was virtually the same as the median of the bidder firm's pre-merger MSE, and substantially higher than the target firm's pre-merger MSE. For example, the median MSE after Merger A was 4.11, which is just slightly higher than Paine Webber's pre-merger median of 3.93. Hence, for these two mergers, we have evidence that worse-performing bidder firms acquired better-performing target firms, and that forecasting accuracy actually deteriorated after the merger, relative to the target firms' pre-merger forecasting accuracy.
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The numbers for Mergers C and D tell a different story. The two mergers involved partners which, in terms of their pre-merger forecast accuracy, were rough equals. For example, the median pre-merger MSE's for Credit Suisse-First Boston and Donaldson, Lufkin, and Jenrette were, respectively, 6.86 and 6.90 (and statistically not different from each other). However, there were clear improvements in forecasting accuracy, as the post-merger median MSE in both of these mergers was lower, and statistically different (at the 1% level) from the pre-merger median MSE for both the bidder and target firms.
The simple model of forecasting improvements in the previous section assumes that analysts' forecasts are always unbiased, whereas the MSE (our measure of forecast performance) summarizes both the bias and variance of the forecasts. In Table 4 , we report the bias and standard deviation of the forecast errors for each merger, and also before and after the merger.
Across all the results, the magnitude of the standard deviation is much larger than that of the bias. For example, for Merger A, the median pre-merger bias of the forecast errors for the bidder brokerage is -0.0526, but the corresponding standard deviation is 1.7728. Hence, even though the theoretical discussion in the previous section assumed a model where analysts' forecasts are unbiased, the results here suggest that this may not be a bad approximation, because in the data the variance component of the MLE far exceeds the bias component.
Summary statistics: affected stocks
An important subset of stocks which we focus on in this paper are those which were covered by both the bidder and target firms prior to the merger, and continued to be covered by the merged brokerage following the merger. This particular subset of stocks will be referred to as the affected stocks in the rest of this paper. Comparisons of affected and non-affected stocks play an important role in our tests for 10 This is somewhat surprising for Merger B, because the bidder firm in this merger (Morgan Stanley) is widely considered a better research brokerage than the target firm in that merger (Dean Witter). In Table 5 , we report the same statistics as in Table 3 , but only for the affected stocks. Across all four mergers, the bidder firm tends to produce more accurate forecasts of the affected stocks than the target firm before the merger, even though this difference is statistically significant only for Mergers C and D. For Mergers C and D, the median post-merger MSE is significantly lower than the pre-merger MSE for the target firm. For Merger B, the evidence here indicates a deterioration in forecast accuracy, relative to the pre-merger performance of both bidder and target firms. For Merger A, we find no evidence of changes in forecasting accuracy after the merger. These numbers seem to suggest that brokerage-level forecast improvements are driven by the pre-merger forecast performance of the bidder firm. Specifically, if the bidder and target firms are roughly equal-abilitied before the merger, then forecast improvements obtain; if the bidder firm is worse than the target firm, then there are no forecasting improvements.
Empirical results
In this section, we examine whether the changes in forecasting accuracy documented in Tables (3) and (5) can be attributed to information pooling by seeing whether forecast improvements appear more pronounced in subsamples of stocks where information pooling should be stronger, such as the affected stocks, and the stocks for which both of the pre-merger analysts were retained in the merged brokerage.
Brokerage-level forecast improvements
We start by documenting the brokerage-level forecast improvements. Define
• AFFECTED i = 1 if stock i was an affected stock and hence covered by both the bidder and target firms prior to the merger.
We also define two more dummy variables to isolate subsamples of the affected stocks where information pooling should be even stronger:
• BOTHSTAY i = 1 if both the analysts who covered stock i at the bidder and target firms before the merger were retained in the merged brokerage.
• BOTHCOVER i =1 if both analysts cover stock i within two years after the merger after the merger.
Note that the subsample of stocks with BOTHCOVER i = 1 is included in the subsample with BOTHSTAY i = 1, which is in turn included in the subsample of affected stocks (AFFECTED i = 1). Information pooling is fundamentally about the sharing of private information and expertise, so that forecast improvements should be more prominent for the affected stocks, when presumably both brokerages possess some information and expertise. If the information or expertise required in the forecasting enterprise is analyst-specific, then information pooling should be more pronounced when BOTHSTAY i = 1. Information pooling should be even more pronounced when BOTHCOVER i = 1, especially if information were very time-sensitive and changes quickly, so that pooling occurs only when both analysts are still actively covering the stock in the post-merger period.
In this section, brokerage-level forecast improvements are defined as with ∆MSE i < 0 indicating forecast improvements. Notably, ∆MSE i is defined differently depending on whether stock i is an affected stock. This is because for non-affected stocks, only one of the brokerages -usually the bidder firm -covers the stock before the merger. For the affected stocks, our base case is to compare the post-merger forecast to a equally weighted pre-merger forecast. Robustness to this definition of forecast improvement will be considered below. Under information pooling, ∆MSE i should be more negative when AFFECTED i = 1 than when AFFECTED i = 0, and even more negative when BOTHSTAY i = 1 and BOTHCOVER i = 1. Some insight can be obtained from Figure (1) , which presents the empirical cumulative distribution functions of ∆MSE i , for the various subsamples of interest. Across all the mergers, the CDF for AFFECTED i = 1 (in the solid lines) tends to lie above and to the left of the CDF for the AFFECTED i = 0 subsample of stocks (in the dashed lines), especially for values of ∆MSE greater than zero. This suggests that the values of ∆MSE i are smaller (in a distributional Merger D sense) when both brokerages forecast the stock before the merger, which is consistent with information pooling. Conditional on AFFECTED i = 1, we then single out those stocks with BOTHSTAY i = 1. The empirical CDF's for this subsample shows that while the differences are not as sharp as between the AFFECTED i = 0 and AFFECTED i = 1, in all four mergers, there are substantial ranges of quantiles where the dotted CDF lies above and to the left of the other two CDFs. This suggests that forecast improvements are larger when AFFECTED i = 1 and even larger when both AFFECTED= 1 and BOTHSTAY= 1.
To provide a more formal analysis, consider LAD (least absolute deviation) estimation of the model:
where a negative βwould be consistent with information pooling. The results from this regression are reported in Columns A1, B1, C1, and D1 of Table 6 . Since each observation in this regression is a stock, we also include stock-level covariates Z i to control for additional variation across observations. In the reported specifications, these covariates are AV G M C A P i and SDEVMCAP i which measure, respectively, the average and standard deviation of market capitalization of stock i during the eight quarters preceding each of the four mergers studied in this paper. We use AV G M C A P i to proxy for stock i's size, and SDEVMCAP i to measure its volatility.
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The existing literature on analyst forecasts (eg. Zitzewitz (2001) , Gallo, Granger, and Joon (2002) ) has stressed the relationship between forecast timing and accuracy. Particularly, later forecasts are usually more accurate because they contain the information revealed in earlier forecasts, so that forecast improvements after the merger could arise simply from the merged firm choosing to release forecasts later, and not from information pooling. To control for this possibility, we create a stock-level variable, DIFFTIMING i , defined as
where Avg(Days bef EOQ) i is the average number of days before the end-of-quarter for which a forecast for stock i was released. DIFFTIMING i measures changes in
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As we remarked before, we employ LAD regressions here because the results appeared very sensitive to outliers in OLS regressions.
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In other specifications (not reported for brevity), we have used shares outstanding, and premerger share prices as covariates. The results reported here are robust. forecast timing after the merger, with positive values indicating that forecasts were released earlier, on average, after the merger. Since more negative values of the LHS variable ∆MSE i indicate more forecast improvements, we expect the regression coefficient on DIFFTIMING to be positive, implying that earlier forecasts lead to less forecast improvements after the merger.
For Mergers C and D, the coefficient on AFFECTED is negative and significant (the coefficients are, respectively, -1.9489 and -1.0251). Moreover, the magnitudes of these coefficients are economically nontrivial, in that they are large in comparison to the magnitudes of the unconditional median of the dependent variable, reported at the bottom of the table. Hence, for these two mergers, the regression results confirm the graphical evidence from Figure ( 1) that information pooling might be present.
Among the stock-level controls, the coefficient on DIFFTIMING is positive and significant across all four mergers, and all specifications of the regression. This is in the expected direction, and indicates that for stocks where the forecast was released sooner following the merger, the forecast improvements were smaller. At the bottom of the table, we present the unconditional median of the DIFFTIMING variable across the four mergers, which shows that forecasts tended to be released sooner after Mergers A and B, but later following Mergers C and D.
Next, we narrow our focus to smaller subsets of stocks for which information pooling should be stronger. In Columns A2, B2, C2, and D2 of Table 6 , we report results for the regression when BOTHSTAY is added as a right-hand side variable. Only for Merger D is the coefficient on BOTHSTAY i negative and significant (and equal to -1.5029), indicating larger forecasting improvements for the stocks for which both pre-merger analysts were retained. This is evidence of a stronger notion of information pooling.
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Finally, we further narrow the analysis to those stocks where both analysts continue to produce forecasts in the post-merger period. The results from the regression with the BOTHCOVER i dummy included are reported in Columns C3 and D3 of Table 6 (we were only able to run this regression for Mergers C and D, but to the small number of observations where BOTHCOVER i =1). The coefficient on BOTHCOVER i is negative and significant only for Merger C, but not in Merger D. Hence, for Mergers C and D, we obtain evidence indicating that a stronger notion of information pooling (as captured by the negative coefficients on either the BOTH-
The finding that information pooling is more prominent when both of the pre-merger analysts were retained also provides support against an alternative explanation for improved analyst performance following a merger, namely that retained analysts may work harder following a merger because of increased job security concerns following the merger. This alternative story does not provide an explanation for why a retained analyst's performance improves more after the merger when her former rival is also retained.
STAY or BOTHCOVER variables) may be an explanation for the post-merger forecast improvements. From Table 3 , we see that these two mergers were the ones where the merging firms were most equal in forecasting ability before the mergers, which perhaps made information pooling more likely.
Robustness
One worry with the above regressions is that the changes in forecasting accuracy after the merger could simply reflect changes in forecasting accuracy around the time of the mergers due, for instance, to unanticipated business-cycle movements, but not directly related to the mergers. As a robustness check, we expand the sample to include the changes in MSE's for brokerages which did not participate in any merger, as a control group. The idea is that any time-specific factors affecting forecasting accuracy should impact on both the merging and non-merging brokerages, whereas the effects of the merger (such as information pooling) should predominantly affect the merging brokerages only. The modified regression is
where the k subscript denotes different brokerage firms, and MERGE i is a binary indicator for whether brokerage k is the merged brokerage. The sample includes all brokerages k and stocks i for which forecasts were submitted for at least two quarters before and after the merger. The main benefit from including the observations from the non-merging firms is that we can estimate the coefficient on MERGE i , which measures the part of the forecasting changes due specifically to the mergers, and not due to changes across time in forecasting abilities which are common across all brokerages. The interaction of AFFECTED and BOTHSTAY with MERGE are now used to capture the incremental effects of the AFFECTED and BOTHSTAY indicators on the forecasting changes of the merged brokerage. A finding that β 1 and β 2 is negative would suggest that forecast improvements result from the merger, and are not due to time specific effects.
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The results are reported in Table (7) . The coefficient on the interaction terms are negative and significant in most of the regressions, the sole exception being the negative but insignificant coefficient on AFFECTED*MERGE in Merger D. This furnishes strong evidence that the mergers had distinctive effects on the forecasting performance of the merged brokerage, relative to others non-merging brokerages. Moreover, comparing these results with the corresponding results in Table   14 In these regressions, BOTHSTAY and MERGE are always equal to zero for the observations of the non-merging firms. (6), the most striking change is that the effect of BOTHSTAY on the merged brokerage (which is equal to the sum of the coefficients on BOTHSTAY and BOTH-STAY*MERGE) is now more negative, and significant, across all four mergers.
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Thus, these results demonstrate even clearer evidence of information pooling. For the second set of specification checks, we consider alternative definitions of
From inspections of the data, this appears to be driven by the fact that the average value of ∆MSE across all observations in this regression (from both the merging and non-merging firms) is positive, indicating worsening forecasts. On the other hand, the values of ∆MSE in the merging firms are, on average, either negative or slightly positive. Hence, compared with the overall sample, the values of ∆MSE in the merging firms are smaller, which explains the negative and significant coefficient on BOTHSTAY.
the dependent variable ∆MSE i . Because improving forecast precision may not be and is likely not the goal of the mergers, what is deemed an improvement from a statistical perspective need not be an improvement from the brokerages' perspectives. In the regressions in Table ( 6), we measured brokerage-level forecast improvement as the difference between the post-merger MSE and the simple average (ie. taking
in Eq.
(1) of the pre-merger MSEs of the bidder and the target firm. This was used because simple averaging favors neither the bidder nor the target firm, nor does not it weigh the better performing brokerage pre-merger more or less than the weaker brokerage.
16
Nevertheless, to assess the robustness of the results, we re-ran the regression (7) for alternative values of the weights w 1 and w 2 , including the special cases of putting all the weight on the bidder firm and none on the target firm, and vice versa. The robustness check consists of reconsidering the brokerage-level regressions reported in Table ( 6) for alternative definitions of ∆MSE i . We do not report the results for the sake of brevity, but summarize them here. The regression results are similar to those reported in Table ( 6) when we put larger weight on the pre-merger MSE of the target firm. It is only when we put increasingly heavy weights on the MSE of the bidder firm that the negative coefficients on AFFECTED and BOTHSTAY become less significant.
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For Mergers A and C, however, we find that the results reported in Table ( 6) are robust across a wide range of alternative weighting schemes. Overall, we find that although the results are not uniform over all alternatives values of w 1 and w 2 , the evidence for information pooling at the brokerage level occurring in the form of forecast improvements holds up for most values of the weights.
Analyst-level forecast improvements
While the evidence above suggests that brokerage-level forecast improvements occurred after three of the four mergers, we do not know if these improvements extend to the analyst level. Indeed, the benefits of information pooling may be larger at the analyst level especially for the analysts who were substandard prior to the mergers. To focus on analyst-level forecast changes, define
as a measure of the change in analyst j's forecast accuracy for stock i. Again, ∆MSE i,j < 0 indicates forecast improvements.
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Furthermore, the forecast combination literature finds that simple averaging often outperforms more sophisticated forms of averaging. See, for example, Timmermann (2005) . Thus in a sense, simple averaging forms a harder to beat benchmark.
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However, the results reported in Table (6) are robust even when we set w 1 = 0.85, where w 1 denotes the weight on the bidder firm's MSE in the pre-merger benchmark.
In order to measure analyst-level forecasting changes, we have to restrict our sample to stocks which were covered, in the post-merger period, by either the bidder or target analyst. Let j denote the analyst who covers stock i after the merger. As in the previous section, we define dummy variables which indicate subsets of stocks where information pooling should be strongest. We now define
• RIVALSTAY i,j = 1 if analyst j's former rival (ie. the analyst who covered stock i in the other brokerage before the merger) was retained in the merged brokerage.
The dummy variable equals one in two circumstances. First, if analyst j, covering stock i, worked at the bidder firm before the merger, then RIVALSTAY ij = 1 if the analyst who covered stock i at the target firm before the merger was retained at the merged brokerage after the merger. Second, if analyst j, covering stock i, worked at the target firm before the merger, then RIVALSTAY ij = 1 if the analyst who covered stock i at the bidder firm before the merger was retained at the merged brokerage after the merger. Figure ( 2) plots the CDFs of ∆MSE i,j separately for RIVALSTAY i,j = 0 (in solid lines) and RIVALSTAY i,j = 1 (in dashed lines). Compared to the brokeragelevel graphs in Figure 1 , forecast improvements are less apparent here. For Mergers A, B, and D, substantial portions of the RIVALSTAY i,j = 1 graphs lie to the right of the RIVALSTAY i,j = 0 graphs, indicating a deterioration in forecasting accuracy after the mergers. Only for Merger C is there evidence of forecast improvements.
Hence, from the graphs, the evidence for analyst-level forecast improvements is more mixed, which is confirmed in regression results. We run the LAD regression of: ∆MSE i,j =α+β· RIVALSTAY ij +γZ i +δW j + error i separately for (i) the subsample of stocks covered in the post-merger period by the bidder analyst, which we call the "bidder stocks"; and (ii) the subsample covered by the target analyst, which we call the "target stocks". A finding that β<0 would be consistent with the presence of information pooling.
In addition to the stock-level control variables Z i , we also include analystspecific covariates to control for possible analyst heterogeneity. These covariates W j are: (1) PREMSE j , analyst j's pre-merger mean-squared forecast error, taken across all the stocks covered by analyst j in the two years prior to the merger; and (2) DIFFNUM j , the difference between the total number of stocks covered by analyst j in the year after the merger, versus the year before the merger. The first covariate controls for analyst-specific forecasting ability, while the second covariate controls for the "attention" that analyst j pays to each stock that she covers. Because of the small number of stocks where RIVALSTAY=1, only five of the eight regressions had reliable results, and are reported in Table 8 . Merger D a : j ∈ {bid, tar} denotes analyst who forecast stocks after the merger. That is, j = bid if stock was forecast by bidder analyst after the merger, and j = tar if stock was forecast by target after the merger. : stocks which were covered in post-merger period by analyst who worked at target brokerage before merger c : There were not enough stocks with RIVALSTAY= 1 to obtain reliable estimates for this regression.
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For the bidder stocks, we find no evidence for information pooling. For Mergers B, C, and D, the coefficient on RIVALSTAY is statistically indistinguishable from zero. For the target stocks, however, there is some evidence of information pooling. For the two mergers where we had enough data to run this regression, we find a negative and significant coefficient on RIVALSTAY: -17.16 for Merger A, and -9.36 for Merger D. These results suggest that information pooling occurs primarily for the target analysts covering a stock in the merged brokerage when the bidder analyst is also retained, but assigned to other stocks.
For the other control variables, we find that the coefficient on the timing variable DIFFTIMING continues to be positive, and significant in four of the five regressions.
Robustness and additional results
As with the brokerage-level regressions, we also considered analyst-level regressions (analogous to Eq. (7) that include the changes in MSE of the non-merging brokerages as a control group in the sample, to isolate the effects due specifically to the mergers. because the results in Table 8 The regression is
where the j subscript denote different analysts, and MERGE j is a binary indicator for whether analyst j works at the merged brokerage after the merger. A finding that β 1 is negative would suggest that there are changes in forecasting accuracy due to the merger, and not just to time effects.
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Table (9) report the results, separately for the subsamples of bidder and target stocks in each merger. The results weaken the earlier results in Table 8 . For the target stocks, the coefficient RIVAL-STAY*MERGE remains negative and significant for Merger D, but no longer for Merger A. For the bidder stocks, the coefficient on this interaction continues to be small and insignificant. This regression shows that only for Merger D do we have robust evidence of information pooling, and only for the target stocks.
As our strongest test of information pooling, we also investigate an implication of information pooling motivated in section 2, whereby post-merger forecast improvements should be inversely related to the pre-merger correlation in the forecast errors of the analysts. Let ρ i be the correlation between the errors in the bidder and target firms' pre-merger forecasts of stock i. In order to compute this correlation,
In these regressions, RIVALSTAY and MERGE are always equal to zero for the observations of the non-merging firms. : stocks which were covered in post-merger period by analyst who worked at target firm before merger c : There were not enough stocks with RIVALSTAY= 1 to obtain reliable estimates for this regression.
we restrict attention to the stocks which were forecast by both bidder and target firms during at least two quarters before the merger, and for which both analysts were retained in the merged firm. In Table 10 , we consider the regression
where NEGCOR i is a dummy variable that is equal to one if ρ i < 0. The discussion in section 2 suggests that the coefficient on NEGCOR should be negative. This is because a negative correlation will lead to larger forecast improvements, and more negative values for ∆MSE i,j . From the bottom of Table 10 , we see that the number of stocks when NEGCOR i =1 is a small fraction of the sample, so that we pooled both the bidder and target stocks observations to run the regression.
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The results show that the coefficient on NEGCOR is positive and significant for Mergers A,B,C, which rejects the strong implication of information pooling which we are testing. This may not be surprising because the results in section 2 were derived from a very stylized modeling framework.
Analyst selection
As shown earlier, all four mergers led to a great deal of employment turnover. The possibility therefore arises that forecasting improvements can also be due to analyst selection. As we explained in Section 2 above, analyst turnover following a merger can lead to two types of analyst selection. First, if the analysts who remained were systematically better than those who left, a brokerage-level improvement might result. Second, after a merger, the better of the bidder and target analyst can be chosen to forecast a given stock. In both of these cases, the forecast improvement would not be due to information pooling.
While information pooling and analyst selection can be observationally very similar, our data permit us to look for direct evidence of analyst selection by examining patterns in analyst retention and the post-merger assignment of analysts to stocks in our data. We examine the two types of analyst selection in turn.
Analyst selection in retention
We start with the first type of analyst selection, and examine whether the better-abilitied analysts were retained in the merged firm, after the merger. Table 11 compares the pre-merger MSEs of the forecast errors, for the analysts who were retained following the mergers, and those who were not retained. The top of Table 11 shows that the difference in the median pre-merger MSE between the retained and non-retained analysts is insignificant across three
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The brokerage-level covariates AVGMCAP and STDMCAP are also included in the regressions, but the coefficients are not reported for the sake of brevity. : stocks which were covered in post-merger period by analyst who worked at target firm before merger c : There were not enough target stock observations with NEGCOR= 1 to permit estimation of this regression of the mergers. However, the difference is negative and significant for Merger C (-0.1312) which is evidence of analyst selection. Once we break down the numbers among the bidder and target firms, the evidence for analyst selection becomes even more mixed. For bidder analysts, the median MSE amongst retained analysts is less than that of non-retained analysts across all four mergers, which is evidence of positive selection. However, this difference is significant only in Mergers A and C. For example, for the bidder analysts in Merger C, the median MSE for the non-retained analysts is 0.3074, but lower (0.0309) for the retained analysts. For the target analysts, the selection is generally in the adverse direction, with the median MSE of retained analysts higher than that of non-retained analysts in three of the four mergers (except Merger C). Only The total number of analysts in each column may be fewer than the number of pre-merger analysts given in Table 2 , because in this table, we eliminate analysts who do not provide at least four quarterly forecasts for a given stock.
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The total number of analysts in each column may be fewer than the number of pre-merger analysts given in Table 2 , because in this table, we eliminate analysts who do not provide at least four quarterly forecasts for a given stock.
in Merger B, where the median MSE for retained analysts is 0.1222 and for nonretained analysts is 0.0335, is the difference significant.
Analyst selection in post-merger stock assignment
To examine the second type of analyst selection, arising if the better of the bidder and the target analyst might be chosen to forecast a given stock, we restrict our attention to the subset of the affected stocks which were (i) forecast by either the bidder or target firm analyst, after the merger; and for which (ii) both the bidder and target analysts were retained in the merged brokerage. In Table 12 , we investigate whether stocks were systematically assigned to analysts with better abilities, based on pre-merger forecasting performance.
In row (A), we consider whether the stock was assigned to the analyst who was better at forecasting this particular stock before the merger. We find no evidence of this. For Mergers A, B, and C, we could not reject that the stock was assigned randomly. For Merger D, our evidence indicates that the stock is more likely to be assigned to the analyst who was worse at forecasting this particular stock before the merger.
However, row (B) provides a partial explanation of this. Here, we consider whether the stock was assigned to the analyst with better overall performance (across all stocks that he/she forecast) before the merger. We find strong evidence in favor of this hypothesis. For Mergers A, B, and C, the overwhelming majority of stocks are assigned to the analyst with the better overall pre-merger performance, strong evidence of analyst selection in stock assignment. Only for Merger D do we find no evidence of this type of analyst selection. Results from probit regressions where left-hand side variable is 1(analyst j assigned to stock i after merger). Sample is restricted to affected stocks which were (i) forecast by either the bidder or target firm analyst, after the merger; and (ii) both the bidder and target analysts were retained in the merged brokerage. Each observation is a (stock i, analyst j). These findings are echoed in Table 13 , which contains results from probit regressions where the dependent variable is an indicator for whether an analyst j is assigned to cover stock i after the merger. As right-hand side variables, we included the two indicators of pre-merger forecasting superiority used in Table 12 (STOCK BEST and OVERALL BEST), as well as two additional analyst-level controls which likely influence stock assignment after the merger. These two controls are TENURE, measured as the number of years than the analyst was employed before the mergers, and BIDDER, an indicator for whether the analyst worked at the bidder firm before the merger. The one consistent result across the three mergers for which we were able to run the regression is the positive and significant coefficient on OVERALL BEST, an indicator for whether analyst j had the better overall forecasting performance before the merger. The signs and magnitudes for the other variables varied across the mergers.
Summing up, our analysis of turnover and coverage patterns in this section yields no evidence for the first type of analyst selection, that better analysts are more likely to be retained in the merged brokerage following the merger. This confirms anecdotal evidence that in the wake of job uncertainty due to the mergers, many of the best analysts at the merging firms were poached away by competing brokerages, so that the analysts remaining at the merged brokerage following the merger are not the best analysts working at the two brokerages before the merger. However, in the cases where both of a stock's pre-merger analysts were retained in the merged brokerage, we find strong evidence (for three of the four mergers), that the stock is likely to be assigned after the merger to the analyst with the better overall pre-merger forecasting performance. This suggests that analyst selection can be a mechanism generating the post-merger forecasting improvements.
Conclusions
We exploit four large mergers of brokerage firms in the last decade to examine whether the patterns of changes in forecasting accuracy following the mergers can be attributed to information pooling. Given the large differences between the brokerages involved in the mergers, and the motives for the merger, it is not surprising that our results varied across mergers. However, several conclusions can be drawn. First, at the brokerage-level, we find some evidence of information pooling across two of the four mergers (Mergers C and D), in that forecast improvements were larger in the subsample of stocks which were covered by both of the merging brokerages before the merger, and the subsample where both of the pre-merger analysts were retained in the merged brokerage. These are indeed situations where information pooling should be strongest. Furthermore, the merging brokerages in these two mergers were of roughly equal forecasting ability before the mergers, which perhaps made information pooling more likely.
Second, at the analyst-level, we find no general evidence of forecast improvements, except for Merger D. For this merger we found that the post-merger forecasts of analysts from the target firm benefit more from the presence of the analyst who covered the same stock at the bidder firm around than vice versa. We also find evidence that after a merger, a stock is more likely to be assigned to an analyst with overall better forecasting performance before the merger. This suggests that analyst selection can be a mechanism generating the post-merger forecasting improvements.
Finally, the results for Merger D yield the strongest evidence consistent with information pooling. Only for this merger do we find evidence consistent with information pooling in both the brokerage-level regressions and the analyst-level regressions (for the target stocks only). Moreover, only for this merger do we find no evidence of analyst selection. This finding of information pooling after Merger D also corroborates to some extent the coverage of this merger in the business press. Particularly, the general perception is that the analysts from Paine Webber (the target brokerage) were absorbed into the merged brokerage without much problem (cf.
Crain Communications, Inc. (2000) ). Perhaps this post-merger collegiality between the Paine Webber and UBS analysts explains the evidence of information pooling that we found for this merger.
